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osting by EAbstract Fused deposition modelling (FDM) is gaining distinct advantage in manufacturing
industries because of its ability to manufacture parts with complex shapes without any tooling
requirement and human interface. The properties of FDM built parts exhibit high dependence
on process parameters and can be improved by setting parameters at suitable levels. Anisotropic
and brittle nature of build part makes it important to study the effect of process parameters to
the resistance to compressive loading for enhancing service life of functional parts. Hence, the pres-
ent work focuses on extensive study to understand the effect of ﬁve important parameters such as
layer thickness, part build orientation, raster angle, raster width and air gap on the compressive
stress of test specimen. The study not only provides insight into complex dependency of compressive
stress on process parameters but also develops a statistically validated predictive equation. The
equation is used to ﬁnd optimal parameter setting through quantum-behaved particle swarm opti-
mization (QPSO). As FDM process is a highly complex one and process parameters inﬂuence the
responses in a non linear manner, compressive stress is predicted using artiﬁcial neural network
(ANN) and is compared with predictive equation.
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lsevierIntroduction
The demand for shorter development time and reduced product
life cycle resulted in the emergence of a new paradigm called Ra-
pid Prototyping (RP). Almost all the RP systems manufacture
the productwith applications of dispersion/deposition principle.
On the basis of 3-D (three-dimensional) CAD (computer aided
design) model, RP disperses a 3-D model into a series of 21/2-
D (two and a half dimensional) slice models with corresponding
software, and thus the complicated 3-D model is converted into
a series of simple two and a half dimensional layers. Each layer is
built on the preceding layer by each machine’s particular mate-
82 A.K. Sood et al.rial fabrication technology until the 3-D physical model is built
[1]. A principle driver for RP is product customisation and/or
personalization without tooling and human interface directly
from the solid or surface CAD (computer aided design) model
at no extra cost. This result in their applications in functional
prototype development [2], medical [3,4], automobile industries
[5], construction industries [6], space applications [7], tool and
die making [8] and many more. Fused deposition modelling
(FDM), by Stratasys Inc., belongs to the material deposition
subfamilies of RP technologies. In this process, build material
in the form of a ﬂexible ﬁlament is partially melted and extruded
from a robotically controlled deposition nozzle onto a table in a
temperature-controlled environment for building the 3-D part
layer by layer. The 3-D part takes the form of a laminate com-
posite with vertically stacked layers consisting of contiguous
material ﬁbres (raster)with interstitial voids (air gap). Thebond-
ing between neighbouring ﬁbres takes place via thermally driven
diffusion welding [9]. Diffusion phenomenon is more prominent
for adjacent ﬁlaments in bottom layers as compared to upper
layers and bond quality depends on envelope temperature and
variations in the convective conditions within the building part
[10]. When semi molten ﬁlament is extruded from nozzle tip
and solidiﬁed in a chambermaintained at a certain temperature,
change of phase is likely to occur. As a result, volumetric shrink-
age takes place resulting in a weak interlayer bonding, high
porosity and hence reduces load bearing area [11]. Change in
temperature of depositing material causes inner stresses to be
developed due to uneven heating and cooling cycles resulting
in inter layer and intra layer deformation that appear in the form
of cracking, de-lamination, or even part fabrication failure [12].
Deformation in part is mainly caused due to accumulation of
residual stresses at the bottom surface of the part during fabrica-
tion and which increases with the increase in stacking section
length [13]. These phenomena in combination affect the part
strength and size. Sood et al. [9,14] have shown that process
parameters such as layer thickness, part build orientation, raster
angle, raster width, air gap are not only found to inﬂuence the
mesostructural conﬁguration of build part but also effect the
bonding and distortion with in the part in a complex manner,
resulting in anisotropic and brittle characteristics of FDM pro-
cessed part. This make it utmost important to study the effect of
variation of processing parameters on compressive strength.
Compressive loads are inherently present in many engineering
systems either due to direct compressive load and/or due to
bending or impact load. Another phenomenon in conjunction
with compressive loading is buckling that severely limits the
structural efﬁciency of the system and leads to under utilization
of the true material properties. Hence, the present work aims at
examining the effect of FDMprocessing parameters on the com-
pressive strength of samples. Central composite design (CCD)
methodology is used to reduce the experimental runs, empirical
modelling of the process and study the effect of parameters
including their interactions. In order to optimize process param-
eters for maximum compressive stress, a quantum-behaved par-
ticle swarm optimization (QPSO) is used because of easiness in
implementation. QPSO has been proven to be more effective
than conventional algorithms in many engineering applications
[15–17].
Sometimes traditional approaches become unsuitable for
developing good functional relationship particularly when a
process behaves in a non-linear fashion and involve large num-
ber of interacting parameters. However, neural networks canbe easily applied to situations where relationship between the
predictor variables (inputs) and predicted variables (outputs)
is quite involved, complex, and difﬁcult to easily articulate in
the usual terms of correlations [18]. Inspired by this character-
istic, present study also uses resilient back propagation algo-
rithm (RBPA) based artiﬁcial neural network (ANN) for
predicting compressive stress of FDM built part and use it
to validate the results.
Methodology
Based on past studies [9,14] ﬁve factors as shown in Table 1
with their respective levels are considered. These factors are
deﬁned as follows:
1. Orientation: Part build orientation or orientation refer-
rers to the inclination of part in a build platform with
respect to X, Y, Z axis, where X and Y-axis are consid-
ered parallel to build platform and Z-axis is along the
direction of part build.
2. Layer thickness: It is a thickness of layer deposited by
nozzle and depends upon the type of nozzle used.
3. Raster angle: It is a direction of raster relative to the X-
axis of build table.
4. Part raster width (raster width): Width of raster pattern
used to ﬁll interior regions of part curves.
5. Raster to raster gap (air gap): It is the gap between two
adjacent rasters on same layer.
Other factors are kept at their ﬁxed level as mentioned in
Table 1. The levels of factors are selected in accordance with
the permissible minimum and maximum settings recom-
mended by the equipment manufacturer, past experiences
and real industrial applications.
In order to build empirical model for compressive strength
and study the inﬂuence of process parameters on it, experi-
ments were conducted based on CCD. The CCD is capable
of ﬁtting second order polynomial and is preferable if curva-
ture is assumed to be present in the system. To reduce the
experiment run, half factorial 2K design (K factors each at
two levels) is considered. Maximum and minimum value of
each factor is coded into +1 and 1 respectively using Eq.
(1) so that all input factors are represented in same range.
nij ¼
xij  x
Dxi
 2
 
ð1Þ
xi ¼
P2
j¼1xij
2
and Dxi ¼ xi2  xi1 for i ¼ 1; 2; . . . ;K and j
¼ 1; 2
Apart from high and low levels of each factor, zero level
(centre point) and ±a level (axial points) of each factor needs
to be included. To reduce the number of levels due to machine
constraints, face centred central composite design (FCCCD) in
which a= 1 is considered. This design locates the axial points
on the centres of the faces of cube and requires only three lev-
els for each factor. Moreover, it does not require as many cen-
tre points as spherical CCD. In practice, two or three centre
points are sufﬁcient [19]. In order to get a reasonable estimate
of experimental error, six centre points are chosen in the
present work. For change in layer thickness, change of nozzle
Table 1 Factors and their levels.
Fixed factors Control factors
Factor Value Unit Factor Symbol Level Unit
Low (1) Centre (0) High (1)
Part ﬁll style Perimeter/raster – Layer thickness A 0.127 0.178* 0.254 mm
Contour width 0.4064 mm Orientation B 0 15 30 degree
Part interior style Solid normal – Raster angle C 0 30 60 degree
Visible surface Normal raster – Raster width D 0.4064 0.4564 0.5064 mm
XY & Z shrink factor 1.0038 – Air gap E 0 0.004 0.008 mm
Perimeter to raster air gap 0 mm
* Modiﬁed.
Compressive strength improvement of FDM processed parts 83is needed. Due to unavailability of nozzle corresponding to
layer thickness value at centre point, modiﬁed centre point va-
lue for layer thickness is taken. Half factorial 25 unblocked de-
sign having 16 experimental run, 10 (2K, where K= 5) axial
run and 6 centre run is shown in Table 2.
The 3D models of square prism specimen of dimension
10 mm · 10 mm · 30 mm are modelled in CATIA V5 and ex-
ported as STL ﬁle. STL ﬁle is imported to FDM software (In-
sight). Here, factors in Table 1 are set as per experiment plan
shown in Table 2. Specimens per experimental run are fabri-
cated using FDM Vantage SE machine for respective strengthTable 2 Experimental data obtained from the FCCCD runs.
Experiment no. Factors (coded va
A B C
1 1 1 1
2 +1 1 1
3 1 +1 1
4 +1 +1 1
5 1 1 +1
6 +1 1 +1
7 1 +1 +1
8 +1 +1 +1
9 1 1 1
10 +1 1 1
11 1 +1 1
12 +1 +1 1
13 1 1 +1
14 +1 1 +1
15 1 +1 +1
16 +1 +1 +1
17 1 0 0
18 +1 0 0
19 0 1 0
20 0 +1 0
21 0 0 1
22 0 0 +1
23 0 0 0
24 0 0 0
25 0 0 0
26 0 0 0
27 0 0 0
28 0 0 0
29 0 0 0
30 0 0 0
31 0 0 0
32 0 0 0measurement. All tests are carried out at the temperature
23 ± 2 C and relative humidity 50 ± 5% as per ISO
R291:1977 (Plastics – Standard Atmospheres for Conditioning
and Testing). The material used for test specimen fabrication is
acrylonitrile butadiene styrene (ABS P400). ABS is a carbon
chain copolymer and belongs to styrene ter-polymer chemical
family. It is made by dissolving butadiene–styrene copolymer
in a mixture of acrylonitrile and styrene monomers and then
polymerizing the monomers with free-radical initiators. It con-
tains 90–100% acrylonitrile/butadiene/styrene resin and may
also contain mineral oil (0–2%), tallow (0–2%) and wax (0–lue) Compressive stress (MPa)
D E
1 +1 15.21
1 1 12.41
1 1 10.16
1 +1 10.78
1 1 14.28
1 +1 15.83
1 +1 74.48
1 1 16.98
+1 1 13.89
+1 +1 16.18
+1 +1 11.13
+1 1 10.44
+1 +1 13.58
+1 1 16.29
+1 1 11.83
+1 +1 10.78
0 0 12.49
0 0 12.34
0 0 14.98
0 0 12.28
0 0 11.95
0 0 11.87
1 0 11.56
+1 0 11.25
0 1 12.26
0 +1 11.09
0 0 11.72
0 0 12.48
0 0 12.67
0 0 11.31
0 0 11.01
0 0 12.88
Table 4 t-Test results.
Term Coeﬃcient t-Value P
Constant 12.0164 61.712 0.000
A 0.6673 4.155 0.002
B 1.7123 10.662 0.000
C 0.3743 2.331 0.040
D 0.0396 0.246 0.810
E 0.3618 2.253 0.046
A · A 0.395 0.909 0.383
B · B 1.61 3.707 0.003
C · C 0.11 0.253 0.805
D · D 0.615 1.416 0.185
E · E 0.345 0.794 0.444
A · B 0.2914 1.711 0.115
A · C 0.8326 4.888 0.000
A ·D 0.3526 2.07 0.063
A · E 0.0151 0.089 0.931
B · C 0.1399 0.821 0.429
B · D 0.2124 1.247 0.238
B · E 0.8251 4.844 0.001
C · D 0.3211 1.885 0.086
C · E 1.1339 6.657 0.000
D · E 0.2364 1.388 0.193
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Fig. 1 Normal probability plot of residue at 95% of conﬁdence
interval.
84 A.K. Sood et al.2%). Its three structural units provide a balance of properties
with the acrylonitrile providing heat resistance, butadiene
imparting good impact strength and the styrene gives the
copolymer its rigidity [20]. Compressive strength at break is
determined according to ISO604-1973 (Plastics-Determination
of compressive properties) using Instron 1195 series IX auto-
mated material testing system with crosshead speed of 2 mm/
min and full scale load range of 50 KN. The measured com-
pressive stress value for each experimental run is shown in
Table 2.
Analysis of the experimental data obtained from FCCCD
design runs is carried out on MINITAB R14 software using
full quadratic response surface model as given by Eq. (2)
y ¼ b0 þ
Xk
i¼1
bixi þ
Xk
i¼1
biixixi þ
X
i<j
X
bijxixj ð2Þ
where y is the response, xi is the ith factor.
For signiﬁcance check, F-value given in ANOVA table is
used. Probability of F-value greater than calculated F-value
due to noise is indicated by p -value. If p -value is less than
0.05, signiﬁcance of corresponding term is established. For
lack of ﬁt, p-value must be greater than 0.05. An insigniﬁcant
lack of ﬁt is desirable because it indicates that any term left out
of the model is not signiﬁcant and that the developed model
ﬁts well. Anderson–Darling (AD) normality test is used to ver-
ify the suitability of compressive stress model for practical
engineering applications. If the p-value for the Anderson–Dar-
ling test is lower than the chosen signiﬁcance level (0.05 in
present study), it is concluded that the data do not follow
the normal distribution.
Model building
The analysis of variance (ANOVA) for second-order regres-
sion model was calculated and summarized in Table 3. ANO-
VA indicates that quadratic model is suitable for predicting
compressive stress of specimen with regression p-value less
than 0.05 and lack of ﬁt more than 0.05. Based on p-value, it
can be concluded that the compressive stress is mainly inﬂu-
enced by the linear terms and interaction terms followed by
square terms. The values of the coefﬁcients of the polynomial
in Eq. (2) are calculated by regression method and reported in
Table 4. The individual signiﬁcance of each term is calculated
by t-test at 95% conﬁdence level and hence, terms having
p-value less than 0.05 are considered as signiﬁcant. The coefﬁ-
cient of determination (R2) which indicates the percentage of
total variation in the response explained by the terms in the
model is 96.13%. It is evident from Table 4 that parametersTable 3 ANOVA results for full quadratic model.
Source Degree of freedom Sum of squ
Regression 20 126.839
Linear 05 65.700
Square 05 11.653
Interaction 10 49.486
Residual error 11 5.107
Lack-of-ﬁt 06 2.119
Pure error 05 2.987
Total 31 131.946A, B, C, E and interactions such as A · C, B · E and C · E to-
gether with square term B · B inﬂuence the compressive stress
of the specimen.are Variance F-value p-Value
6.3420 13.66 0.000
13.1400 28.30 0.000
2.3306 5.02 0.012
4.9486 10.66 0.000
0.4642 – –
0.3532 0.59 0.731
0.5975 – –
– – –
Compressive strength improvement of FDM processed parts 85The model adequacy is checked by Anderson–Darling (AD)
normality test shown in Fig. 1. Since p-value of the normality
plots is found to be above 0.05, it indicates that residuals fol-
low normal distribution and the predictions made by the math-
ematical model are in good agreement with the experimental
values.
Results and discussions
Response surface analysis
Filament extruded out of nozzle dissipates heat through con-
duction, forced convection causes reduction in temperature,
and therefore quickly solidiﬁes onto the surrounding ﬁlaments.
The part of heat will go to the already deposited material and
increase its temperature. This causes local re-melting of
already deposited ﬁlament and diffusion takes place resulting
in bond formation between depositing ﬁlament and already
deposited ﬁlament. This phenomenon is also responsible for
development of non uniform temperature gradient on the al-
ready deposited ﬁlament along the direction of deposition.
The temperature gradient leads to development of thermal
stresses and hence distortion. The constraint imposed by the
bonding will not allow the distorted material to regain its ori-
ginal shape completely and thus adversely affects the bond for-
mation. Further, temperature of the ﬁlaments at the bottom
layer rises above the glass transition temperature and rapidly
decreases in the direction of the movement of extrusion head
[10]. Such type of rapid heating and cooling cycles will con-
tinue until complete part is fabricated. At lower slice thickness,
deposition speed of the nozzle is slow as compared to higher
slice thickness. In addition, nozzle frequently stops depositing
material and returns to service location for tip cleaning. While
depositing the material at curves near the boundary region,
nozzle speed decreases and then increases to a uniform speed
[13]. The speed at which nozzle is depositing the material
may alter the heating and cooling cycle and results in different
degree of thermal gradient [21]. Further, the pattern used to
deposit a material in a layer has a signiﬁcant effect on the
resulting stresses and deformation. Higher stresses will be
found along the long axis of deposition line. Therefore, short
raster length is preferred along the long axis of part to reduce
the stresses [22]. Stress accumulation also increases with
increase in road width [13]. A small road width causes less heatFig. 2 SEM image (a) crack between two rasters (b) air gap (c) overﬁ
examined by scanning electron microscope (SEM) JEOL JSM-6480LVinput into the system within a speciﬁed period of time but re-
quires more loops to ﬁll a certain area. More loops mean more
time required for deposition of single layer and more non-uni-
form nozzle speed. This may cause the temperature of the
deposited material to be above the desired temperature and
not help it to regain its original shape. Meanwhile, new mate-
rial will be deposited resulting in constraint to contraction of
previously deposited material. The accumulated stresses lead
to inner layer cracking (Fig. 2a) or de-lamination. Small air
gap helps to create strong bond between two rasters and thus,
improves the strength. But, small air gap restricts heat dissipa-
tion giving rise to increased chance of stress accumulation. Po-
sitive air gap causes ﬂow of material towards the adjacent
layers through the gap (Fig. 2b) and increases bonding surfaces
[14].
The above-mentioned discussions reveal that the bond for-
mation in the FDM process is driven by the thermal energy of
semi molten material. Further, distortions arising due to stress
accumulation are primarily responsible for under utilization of
the true material properties and make the product highly sen-
sitive to imperfections. To minimize this effect, it is necessary
that part must be built with minimum number of layers and
smaller raster lengths. For the case of raster width and air
gap, there is no clear indication of their suitable values. Small
raster width will result in more number of rasters for unit cross
section area and hence, may contribute to distortion. However,
deposition of thicker rasters may contribute in the same man-
ner as long rasters and hence, may increase distortion. It is ex-
pected that depositing rasters with zero air gap result in strong
bond formation but it also increases the chances of bump for-
mation (Fig. 2c) due to overlapping of neighbouring rasters.
As a result, the newly deposited layer may not get even surface.
Similar observations have been made in the response surface
plot shown in Fig. 3. Decrease in layer thickness (A) (Fig. 3a–d)
or increase in part build orientation (B) (Fig. 3e–g), both cause
an increase in the number of layers, decrease compressive stress.
In Fig. 3a, at a ﬁxed level of layer thickness (A), compressive
stress initially decreases on increasing orientation (B) and then
increases on further increase in orientation. When the part is
build at low level and high level of orientation, all the layers will
have uniform cross section area. Number of layers with non-
uniform cross section area will increase with the increase in ori-
entation from its low level and then decreases with further in-
crease in orientation. Deposition of same cross sectional layerlling at the contact of two rasters (the surfaces of the test part were
in the LV mode).
Fig. 3 Response surface plot: (a) A · B, (b) A · C, (c) A · D, (d) A · E, (e) B · C, (f) B · D, (g) B · E, (h) C · D, (i) C · E, (j) D · E
(hold value of factors is centre point).
Fig. 4 (a) Stress–strain curve for compressive stress and (b)
presence of stair steps.
86 A.K. Sood et al.will favor the uniform deposition pattern and hence reduce the
distortion. When two similar slices are ﬁlled with rasters at dif-
ferent angles for each slice, one with larger raster angle value
will have more number of rasters having lengths smaller than
the slice with smaller raster angle. Thus, it can be said that in-
crease in raster angle will decrease the raster length and im-
prove the compressive stress. Fig. 3e and h are in agreement
to above conclusion. On the contrary, compressive stress de-
creases at low level of layer thickness (A) in Fig. 3b and high
level of air gap (E) in Fig. 3i on increasing raster angle (C). Fur-
ther, Fig. 3b shows that the compressive stress decreases with
increase in layer thickness (A) at low level of raster angle (C)
although numbers of layers are decreasing. It can be believed
for Fig. 3b that increase in raster angle minimizes distortion
in single layer but if number of layers is increased, accumulated
distortion due to raster angle becomes prominent irrespective
of raster angle. Similarly, if distortion in single layer is more,
it will be accumulated on all the layers deposited above it. As
a result, distortion effect is pronounced in spite of less number
of layers. In the case of Fig. 3i, as air gap is increased, it in-
creases spacing between two rasters resulting in weak bonding
and void structure. For the case of change in raster width (D)
and air gap (E), it can be observed from Fig. 3c, f, h, j and d,
g, j, respectively that maximum value of compressive strength
is somewhere in between the lower and the higher levels of these
two factors as explained in point 3 and 4 above.
Fig. 5 Microphotographs of specimens after compressive failure: (a) failure due to buckling and (b) de-bonding between ﬁbers (the
surfaces of the test part were examined by scanning electron microscope (SEM) JEOL JSM-6480LV in the LV mode).
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The stress versus strain behaviour (Fig. 4a) of specimen under
compression is initially linear. With the generation of cracks,
the behaviour becomes nonlinear and inelastic. After the speci-
men reaches the peak stress the resisting stress decreases with in-
crease in strain. Non linear regions have stair steps as shown in
Fig 4b which means that force per unit area has reached a value
at which material continues to deform. After that, it increases
without causing signiﬁcant deformation. This pattern is re-
peated in regular steps until the part fractures. Similar trend is
observed for the remaining experiments mentioned in Table 2.
Most of the specimen show buckling of ﬁbres (Fig. 5a)
when the region between the ﬁbre breaks is deformed plasti-
cally. The progressive interfacial de-bonding (Fig. 5b) between
ﬁbers may occur under increasing deformations and inﬂuence
the overall stress–strain behavior of specimen. After the inter-
facial de-bonding, the de-bonded ﬁbers may lose the load car-
rying capacity in the de-bonded direction. However, they are
still able to transmit internal stresses through the bonded por-
tion and are regarded as partially de-bonded ﬁbers. The dam-
age zone creates locally high compressive stress concentrations
in the intact ﬁbers surrounding it and buckling can also distort
or laterally displace the surrounding ﬁbers. This causes the ﬁ-
bers to bend, so they generate or further strain, resulting in
bending to the point where they fracture. It can be regarded
that the distortion due to uneven heating and cooling cycles
or presence of interlayer porosity is responsible for de-bonding
in ﬁbers and hence the decrease in strength [14]. Further, the
deposited polymer molecules align themselves with the direc-
tion of ﬂow when they are extruded through the nozzle result-
ing in anisotropic properties which is again responsible for less
strength.Optimization of process parameters
The particle swarm optimization (PSO) is a method for solving
optimization problems that are based on the computational
simulations of the movement of organisms such as ﬂocks of
birds and schools of ﬁsh. Similar to other population-based
algorithms, PSO exploits a population of search points to
probe the search space. Each individual is referred as a ‘parti-
cle’ and represents a potential solution. Each particle keeps
track of its coordinates in the problem space, which are asso-
ciated with the best solution (ﬁtness) it has achieved so far
known as personal best (pbest) and overall best value and itslocation obtained so far by any particle in the population. This
location is global best (gbest). Each particle moves its position
in search domain and updates its velocity according to its own
ﬂying experience toward its pbest and gbest locations [23]. The
main disadvantage of PSO is that global convergence cannot
be guaranteed [24]. To deal with this problem, concept of a
global convergence guaranteed method called as Quantum be-
haved PSO (QPSO) was developed [15–17]. In the quantum
model of a PSO, the state of a particle is depicted by wave
function w(x, t) (Schro¨dinger equation) instead of position
and velocity. The dynamic behaviour of the particle is widely
divergent from that of the particle in traditional PSO systems
in that the exact values of position and velocity cannot be
determined simultaneously according to uncertainty principle.
Only probability of the particle’s appearing in position x can
be determined from probability density function |w(x, t)|2,
the form of which depends on the potential ﬁeld the particle
lies in. Any ith particle move according to the following itera-
tive equation:
xiðtþ 1Þ ¼ pþ b:jMbesti xiðtÞj: lnð1=uÞ; if k  0:5
xiðtþ 1Þ ¼ p b:jMbesti xiðtÞj: lnð1=uÞ; if k < 0:5
ð3Þ
where b is a design parameter called contraction–expansion
coefﬁcient, u and k are values generated using the uniform
probability distribution function in the range [0, 1]. The global
point called mainstream thought or mean best (Mbest) of the
population is deﬁned as the mean of the pbest positions of
all particles and is given by:
Mbest ¼ 1
N
XN
i¼1
pbestiðtÞ ð4Þ
Here, N is total number of particles and t indicates the iter-
ation. To guarantee convergence, Clerc and Kennedy [15] pres-
ent the following coordinates of p in Eq. (3):
p ¼ c1pbesti þ c2gbesti
c1 þ c2 ð5Þ
where c1 and c2 are two random numbers generated using uni-
form probability distribution in the range [0,1].
To evaluate optimum process parameter, ﬁtness of each
particle is evaluated using response surface equation developed
in ‘Results and discussion’. The range of each parameter is var-
ied between their respective low and high values (Table 1).
Whenever a generated particle lies beyond each parameter
low value (lv) and high value (hv), a repair rule is applied
according to Eq. (6) and Eq. (7), respectively.
Fig. 6 Convergence curve.
Table 5 RBP input parameters.
Training parameter Value
Maximum Epochs 100,000
Minimum performance gradient 106
Maximum validation failures 5
Learning rate 0.01
88 A.K. Sood et al.xi ¼ xi þ rand½0; 1:fhðxiÞ  lðxiÞg ð6Þ
xi ¼ xi  rand½0; 1:fhðxiÞ  lðxiÞg ð7Þ
where rand[0,1] is a uniformly distributed random value be-
tween 0 and 1. The QPSO algorithm is coded in MATLAB
7.0 and run on HP Intel Core 2 DUO processor 2.33 GHz,
1.95 GB RAM. The number of individuals in the population
(population size) is maintained at 50 and the maximum num-
ber of generations is ﬁxed at 500. Convergence curve (Fig. 6)
shows that maximum compressive stress of 17.4751 MPa is
obtained after 157 iterations. The optimum factor level at this
point are layer thickness = 0.254 mm, orientation = 0.036
degree, raster angle = 59.44 degree, raster width = 0.422
mm, and air gap = 0.00026 mm. These results are in conﬁr-
mation with discussion presented in ‘Optimization of process
parameters’.
Increment to weight change 1.2
Decrement to weight change 0.5
Compressive Strength 
Input layer Hidden layer 
A 
B 
C 
D 
E 
Output layer 
Fig. 7 ANN architecture.Neural network prediction
As FDM process involves large number of conﬂicting factors
and complex phenomena for part building, it is difﬁcult to pre-
dict the output characteristics accurately by conventional
methods. So, an ANN with back propagation algorithm has
been adapted to model FDM process. The details of this meth-
odology are described by Rajasekaran and Pai [25]. In the
present analysis, factors such as A, B, C, D and E are taken
as ﬁve input parameters. Each of these parameters is character-
ized by one neuron and consequently the input layer in the
ANN structure has ﬁve neurons. The database is built consid-
ering experiments at the limit ranges of each parameter. Com-
pressive stress values are used to train the ANN in order to
understand the input–output correlations. The database is
then divided into two categories, namely: (i) A training cate-
gory, which is exclusively used to adjust the network weights
(ii) A test category, which corresponds to the set that validates
the results of the training protocol. First sixteen experimental
runs in Table 2 are used for training purpose and remaining
experimental runs are used for testing. Experimental runs cor-
responding to centre runs are having same factor level values,
so mean of compressive stress is used as representative value
corresponding to these experimental runs. The training of neu-ral network involves updating the weights of the connections
in such a manner that the error between the outputs of the neu-
ral network and the actual output is minimized. The standard
BPA with a ﬁxed learning rate and momentum usually suffers
from extremely slow convergence [26]. To achieve faster con-
vergence, the learning rate of an algorithm that deﬁnes the
shift of the weight vector has to be dynamically varied in
accordance with the region that the weight vector currently
stands. Out of the different training algorithms, resilient back
propagation algorithm (RBP) is chosen in the present work.
Advantage of using RBP is that only the sign of the derivative
of error function is used to determine the direction of the
weight update; the magnitude of the derivative has no effect
on the weight update further weight update is performed after
the gradient of the whole pattern set (one epoch) has been
computed [27]. To determine the number of neurons in hidden
layer, different ANN structures with varying number of neu-
rons in the hidden layer are tested with input parameters as
per RBP shown in Table 5 [28]. After training, the topology
5-8-1 is selected as the optimum based on minimum value of
performance function which is 3.73334 · 1032 and can be con-
sidered as equivalent to zero. The activation level of neurons is
determined by tan–sigmoid transfer function except for output
layer neurons for which linear output transfer function is used
so that output is not limited to small values [29]. Fig. 7 gives
the schematic representation of ANN used in present work.
Algorithm for ANN is coded in MATLAB 7.0 and run on
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order to evaluate the competence of this trained network, the
training data set was presented to the trained network. Fig. 8
shows the regression analysis results between the network re-
sponse and the corresponding targets. High correlation coefﬁ-
cient (R2-value) between the predicted (outputs) and targets
establish the performance of network.
The values predicted by ANN and develop model are
shown in Table 6 together with regression model predicted val-
ues. In order to compare, the prediction capability of devel-
oped response surface model and ANN, the mean absolute
error between experimental value and response surface equa-
tion and between experimental values and ANN prediction is
calculated. Small error of 0.192 by ANN prediction as com-
pared to 0.214 by developed equation proves that ANN is bet-
ter to model the non linearity present in the system.Table 6 Compressive stress predictive value.
Experiment
no.
Compressive stress
Experimental
value
ANN
model
Regression
model
1 15.21 15.21 15.31
2 12.41 12.41 12.38
3 10.16 10.16 10.40
4 10.78 10.78 10.78
5 14.28 14.28 14.33
6 15.83 15.83 15.64
7 7.448 7.448 7.531
8 16.98 16.98 16.93
9 13.89 13.89 13.99
10 16.18 16.18 16.04
11 11.13 11.13 11.27
12 10.44 10.44 10.45
13 13.58 13.55 13.52
14 16.29 16.28 16.10
15 11.83 11.81 11.92
16 10.78 10.80 10.63
17 12.49 12.49 11.74
18 12.34 12.36 13.08
19 14.98 14.96 15.34
20 12.28 12.19 11.91
21 11.95 11.91 11.53
22 11.87 11.90 12.28
23 11.56 11.49 11.36
24 11.25 11.12 11.44
25 12.26 12.23 12.03
26 11.09 11.09 11.31
27 12.01 12.02 12.31
Fig. 8 Performance of neural model.Conclusions
In the presentwork, an attempt has beenmade to study the effect
of ﬁve processing parameters that is layer thickness, part build
orientation, raster angle, raster width and air gap on the com-
pressive strength of FDM built part. The experimental results
establish the anisotropic and brittle nature of FDM processed
ABSP400 part. The developed relationship between compres-
sive stress (output) and process parameters (input) is able to ex-
plain the 96.13% of variability in the response and is suitable to
explore the design space for future engineering applications. Ef-
fect of various factors and their interactions are explained using
response surface plots. In general, it can be said that ﬁbre–ﬁbre
bond strength must be strong which can be achieved by control-
ling the distortions arising during part build stage. The reason of
low strength is also due to anisotropy, caused by the polymer
molecules aligning themselves with the direction of ﬂow when
they are extruded through the head nozzle. The anisotropy can
also be caused by the formation of pores in preferred orienta-
tions and weak interlayer bonding. Curvature present in re-
sponse plots shows high amount of non-linearity indicating
the complex relationship between process parameters and out-
put response. This is further substantiated by ANN prediction.
Optimization of process by QPSO gives the maximum compres-
sive stress of 17.4751 MPa and the optimumvalue of layer thick-
ness, orientation, raster angle, raster width and air gap as
0.254 mm, 0.036 degree, 59.44 degree, 0.422 mm and 0.00026
mm respectively.References
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